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Pretrained Convolutional Neural Networks used Results — Part B
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Three public databases are used in this thesis, each |
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containing data recorded by different number of

sensors: DB1 NinaPro (10 electrodes) [1], DB5 Most active 9, 24-37 % 2.66 —5.75

This MSc. Thesis is dealing with the study and
implementation of pretrained Convolutional Neural
Networks and their performance on hand
movement classification, using surface EMG signals.
The sEMG signal is recorded by surface electrodes,
whose number varies depending on the database.
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The data of 12 finger movements is preprocessed N <4 Iy
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a three-channel sEMG image. The window size is P B oci| maspooi | mispool | messcol |
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As a first step, each pretrained model, originally
trained on ImageNet, is taking a SEMG image as
input, and implements Transfer Learning [5] in order

to adjust the model’s parameters to the EMG data. Experimenta| Procedure Conclusions

The pretrained models used in this thesis are

VGG16, VGGI19 [6], ResNet50 [7], InceptionV3 [8]. Part A - Fine Tuning Overall, regarding the results of Part A, the best classified database is

As a second step of the experimental procedure, the DBc CapgMyo, possibly due to its high-density EMG data recorded

best performing pretrained models for each MLl I Add new Freeze only first frain f°r|f few from 128 sensors. Among the four pretrained CNN models, the best

database are used to examine the number and mOdels classification fayers SVEE e performing model is ResNet50 in all three databases achieving an

position of the electrodes [9]. average training accuracy of 83,3% and an average testing accuracy of
Part A —Training 74.3%.

For the second part of the experimental procedure, the results of both
techniques are compared with each other and with the ground truth of

For Part A, the training of the networks is separated el cerE e the electrodes activation for each gesture. The most active electrodes

Select best

Freeze all pretrained . . pe .
Train only classifier performing model of

model’s layers

are considered to result in very low prediction accuracy when zeroed
or replaced, and the less active electrodes are the ones to achieve high
prediction accuracy despite their distortion. As far as their positioning
in concerned, according to the databases makers, the electrodes where

Replace electrode Compare results randomly and symmetrically positioned around the forearm.
with random noise

In two stages:

* Fine Tuning: Freeze the weights of the first layers
of networks which capture universal features such
as curves and edges and train with small learning

Best performing
rate models for each Zero electrode

* Training: Freeze all layers of the original model database
and train only the classifier avoiding overfitting

For Part B, the electrodes are examined by: Results — Part A

Future Directions

e Zeroing the electrode Recognition accuracy - A exerise ey Erere

* Replacing the electrode with random noise . . P
* Redesign pretrained model’s classification layers for better
. performance
 Augment data by adding all hand movements from databases
* Implement Transfer Learning for more pretrained models, such as
I II II N Xception, InceptionV3, ResNeXt.
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